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Abstract 
Business Problem 
Marketing and finance departments want to know who their loyal/profitable customers 
are. Presidents, CEOs, VPs and corporate executives and shareholders want the best returns on 
their investments. They want to see their online grocery companies turning profits and maybe 
even making innovations. Who will buy what product? Which channel is more profitable- digital 
or non-digital? Which demographic group is most productive for sales? How much influence do 
rewards have on sales? How effective are email campaigns on sales? How can the data be mined 
to cross sell and thus exploit hidden relationships in the data, to gain competitive advantage in 
customer retention? The data is made up of continuous and nominal variables. I will analyze this 
transactional, demographic and geographic data with a goal to glean insights to help this grocery 
business to increase preorder penetration and density in orders so as to optimize truck routing 
and maximize sales. 
 
Statistical Problem 
The net sales for these customers will be analyzed over a period of time to see if there are 
any differences over time and more so any significant drivers. Frequency of sales will be looked 
at as a measure.  The channel of sale will be further dissected so as to point to the more 
profitable channels for sales.  It will look at a slice of group of customers from a frozen food 
company to see who the loyal customers are and perhaps find out what seems to be the patterns 
and metrics that they exhibit. The Statistical methods of Multi-linear Regression, Boosted 
Decision Trees, and Bootstrap Random Forest were used to confirm the conjecture that the 
digital customer base seems to be a more profitable.  
 
Conclusion 
We find that customers who buy online or through a digital medium tend to be more 
loyal- buy more frequently and tend to spend more. Digital Customers, as we will call them, 
spend 48% more per year than non-digital ($545 vs. $367). When he/she purchases online, 
he/she spends 25% more or $62 more per sale. Digital customers are more frequent and thus 
more loyal customers as they purchase 10.6 vs. 9 times per year and have retention rate of 70% 
vs. 65%. The behavior of demographic groups is quite insightful. Rewards and email information 
was not necessarily conclusive for this research data, as it was a new endeavor at the time data 
was collected. 
3 
 
Acknowledgements 
I will like to express my heartfelt and utmost gratitude to Chair Dr. Shiju Zhang – your 
patience, leadership and feedback miles away from me was crucial and very much appreciated. 
You are amazing. 
Dr. Hui Xu and Dr. Richard Sundheim. You took time out of your busy personal and 
professional life to guide me in this journey. I am forever indebted to you.  
Dr. Leonard Onyiah.  You welcomed and challenged me from day one and have always 
been a sounding board.  Thank you most kindly! 
I also owe a huge debt of gratitude to Dr. David Robinson for providing in-depth insight 
and feedback, mentoring me and helping to bring out the best in me. 
I will be remiss if I forgot to thank my friend and peer, Zhengyi Li, for reading over this 
and giving me some very insightful feedback. 
Thanks a ton to Renee for mentoring me and believing in me. Thanks also to Kobbie 
Opoku Adu-Gyamfi for critical feedback and insight. Thank you to my friends and course mates, 
Mahesh Rimal and Lynda Smith, for your encouragement and feedback. 
Thanks to my parents, Ben and Doris Ahlijah, and siblings, Shirley-Ann, Ben JR, 
Dorothy, and Nancy and many who supported me in this journey. Thanks to my spouse and 
partner April for supporting me and believing in me when times were tough. 
I give Glory to God and prayers of thanksgiving and praise to him for giving me the 
fortitude, grace and strength to press on toward the goal. 
4 
 
Table of Contents 
List of Tables ............................................................................................................................ 5 
List of Figures ........................................................................................................................... 6 
Chapter 
I. INTRODUCTION ........................................................................................................ 8 
II. REVIEW OF LITERATURE ....................................................................................... 12 
III. STUDY DESIGN AND METHODS............................................................................ 26 
  Data Breakdown...................................................................................................... 26 
IV. RESULTS ..................................................................................................................... 35 
V. CONCLUSION AND SUGGESTIONS FOR FUTURE RESEARCH........................ 58 
References ................................................................................................................................. 61 
Appendices 
A. Codes in JMP ................................................................................................................ 64 
B. Excel Summary of Data ................................................................................................ 68 
5 
 
List of Tables 
Table  Page 
1. Variables .......................................................................................................................... 26 
2. Demographic Distribution ............................................................................................... 30 
3. Preliminary Model Regression ........................................................................................ 36 
4. Summary of Fit ................................................................................................................ 40 
5. Analysis of Variance (ANOVA) ...................................................................................... 40 
6. Parameter Estimates ......................................................................................................... 41 
7. Effect Tests ...................................................................................................................... 42 
8. Lack of Fit ........................................................................................................................ 42 
9. Scaled Estimates .............................................................................................................. 43 
10. Summary of Fit ................................................................................................................ 46 
11. Analysis of Variance (ANOVA) ...................................................................................... 47 
12. Parameter Estimates ......................................................................................................... 47 
13. Effect Tests ...................................................................................................................... 48 
14. Lack of Fit ........................................................................................................................ 49 
15. Scaled Estimates within 95 CI ......................................................................................... 51 
16. Model Comparison........................................................................................................... 56 
17. Model Metrics .................................................................................................................. 56 
6 
 
List of Figures 
Figure Page 
1. Same Day Delivery .......................................................................................................... 11 
2. USA Online Profile .......................................................................................................... 14 
3. Digital Tools for Shopping .............................................................................................. 25 
4. Channel Distribution ........................................................................................................ 27 
5. Product Class Distribution ............................................................................................... 27 
6. Reward Indicator Distribution ......................................................................................... 28 
7. Demographic Distribution ............................................................................................... 31 
8. Route Distribution in Percentages ................................................................................... 31 
9. Email Enrollment Distribution ......................................................................................... 32 
10. Final Boosted Decision Tree Model ................................................................................ 38 
11. Alternate Model ............................................................................................................... 39 
12. Alternate Model ............................................................................................................... 39 
13. Prediction Profiler ............................................................................................................ 44 
14. Least Squares Means Estimates ....................................................................................... 44 
15. Alternate Multi-Linear Regression Model ....................................................................... 45 
16. Actual by Predictor .......................................................................................................... 46 
17. Residual by Plot ............................................................................................................... 48 
18. Residual by Row Plot....................................................................................................... 49 
19. Prediction Expression ...................................................................................................... 50 
20. PRESS .............................................................................................................................. 50 
7 
 
Figure   Page 
21. Prediction Profiler ............................................................................................................ 51 
22. Parameter Estimate .......................................................................................................... 52 
23. Boosted Random Forest ................................................................................................... 53 
24. Model Comparison........................................................................................................... 54 
25. Model Graph .................................................................................................................... 57 
8 
 
Chapter I 
 
INTRODUCTION 
 
The growth of the internet in the 1990s birthed many new industries. One of these is 
online grocery shopping, which is a subsection of e-commerce. Online grocery shopping shares 
some differences and commonalities with regular shopping at the store. Regular Shopping 
Centers have a certain appeal to customers- the lay out, brands, prices, location, culture, history 
among others (Dholakia, 1999).The online stores are somewhat simulated to look like the brick 
and mortar/offline stores so customers can feel like they are really in a store (Eroglu, Machleit, & 
Davis , 2003). 
To stay competitive and to excel, companies must know the shopping behavior of 
customers and have a high degree of accuracy in predicting their shopping behaviors. When they 
are able to do this effectively, they get good returns on their investments and this reflects in sales 
and other metrics. Some of the properties of online grocery shopping appeals to a certain 
clientele and are worth looking at. This research looks at how much more profitable digital 
customers are for frozen groceries and will use statistical methods to test this claim. Some 
statistical methods that will be used to analyze the data to help make sound decisions will include 
multi-linear regression, Boosted Trees, Decision Trees and bootstrap random forest.  
The questions focused on include the following: 
1. Does the variable reward have an influence on netsales aggregate? 
2. What channel drives netsales aggregate the most- online or offline? 
3. Does the variable demographic cluster/buying group have an influence on netsales 
aggregate—who will buy the most? 
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4. Does the variable email campaign drive netsales aggregate? 
5. What are any current trends or findings that can help with marketing to such clients 
today in 2015 and in the near and long term future?  
Data from a frozen food grocery establishment was analyzed. Net Sales of customers 
over different channels was looked at to ascertain if indeed digital or online buying was a more 
viable option than offline. Or perhaps a good mixture of both online and offline could be the 
requisite solution for the next grocery conglomerate out there. Transactions for customers were 
analyzed over a period of nearly three years to see what channels showed progressive growth and 
promise.   
The data was also studied to see what factors seemed to drive net sales the most. Was it 
demographic information, the channel on which the sales was conducted, the rewards program or 
a combination of factors?   
It is imperative to point out that online grocery shopping is a fairly new phenomenon that 
grew phenomenally post the internet boom in the 1990s. It enables customers to buy an array of 
things online by searching for them in a more customized and personalized manner (Roos, 2008).  
It is widespread across the globe. It is fast growing and the returns are fabulous. Has it reached 
its peak or are we just tapping the surface of the next way of life? Online grocery has apparently 
come to stay and has a very fruitful partnership with data analysts. They use analytics to study 
and analyze marketing data bases and build models to predict shopping patterns of customers.   
Despite the fact that online grocery is a thriving industry, there are some pros and cons to 
it. Some pertinent and possible disadvantages are related to logistics, costs, and freshness of 
goods, timeliness of arrival of goods and quality (Smith, 2014).   
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A study shows that between 2013 and 2018, online grocery shopping will grow faster 
than offline shopping—at 21.1% versus 3.1% respectively (Smith, 2014).  Some advantages of 
online grocery shopping include niche markets (markets which cater to particular perhaps rare or 
specialty foods) and innovations such as subscription prepared meals. 
How can analysts, VPs, and C-level executives and teams build profitable businesses 
with this business model? The customer today is demanding a business model which makes the 
door knocking sales person almost obsolete. Business models have to be cognizant of this and go 
where the customers and potential ones are.  How can businesses drive sales and the inherent 
metrics like average order values, conversion rates, among others? Is this just a fad and will 
online grocery shopping bubble burst just like the internet boom (Goldsmith, 2002)? 
This thesis will attempt to use real data to analyze some of these scenarios and lay out 
some possible answers and cases. When businesses have a fully functional business model, 
which is also dynamic, they can respond to the needs and anticipate demands of customers. In 
doing so, disadvantages such as logistics can be minimized or eliminated. Businesses will have a 
model that calls out tiers of customers and caters to them on a needs basis. This will help reduce 
costs and hopefully lead to increased sales and optimized logistics.  
A summary of the thesis data analyzed is made up sales data broken down as:- 
 Democlus data (demographic cluster) has 30,557 observations 
 Email data has 11,704 observations pulled from six sources 
 Rewards data has 30,557 observations 
 Sales data for time period has 416,614 observations (over the three years) 
 Product class has 20 unique values 
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 Twenty-five unique routes that drivers travel to sell 
 Two regions in sample from original data 
 Five hundred and fifty unique products form possible pool of products sold in sample 
data 
Figure 1 is from a different research. It shows that, surprisingly customers in the US are 
willing to pay a premium price for same day delivery.  Important findings are that Millennials 
(18- to 36-year-olds), males, and urban dwellers top their various demographics (Smith, 2014).  
With this back drop, online businesses can slice and dice data to focus on similar behaving 
demographics in their client base to drive data driven targeted sales.  These demographic groups 
mirror the data used in the thesis.  
 
Figure 1. Same Day Delivery 
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Chapter II 
REVIEW OF LITERATURE 
Some people will remember the 1990s fondly for the boom of the internet and how it led 
to one of the greatest eras in America. It arguably led to a burst of innovation and 
industrialization. One sector we shall look at further in this research is online grocery shopping. 
Online shopping has become a significant part of the marketing industry.  Many industries are 
adjusting to this new mode of shopping.  It has some advantages and disadvantages as well.  
Sometimes we are puzzled and amused by the way that our favorite stores and industries know or 
remember what we like.  Data mining and social media are vital partners in this new and fast 
growing phenomenon. Companies spend millions of dollars to mine or buy information on 
customers, existing and potential customers.  
When we like something on social media such as LinkedIn and Facebook, it is akin to 
filling a survey and telling a sales person I like this item or I am inclined to buy it if it goes on 
sale.  Statisticians pore over data like this and do a very fine job in filtering out who is likely to 
buy, repeat and perhaps even recommend a good product to friends and family.  This is a very 
rich area to explore and it is perhaps the future of business.  We have all either used or come into 
contact with somebody who has used a product such as an I-phone or I-pad, a tablet, etc.  The 
Apple Company does a truly good job of selling a seeming expensive product. How does it do 
this? They do a very aggressive form of marketing. Maybe their biggest trump card is their 
brand, word of mouth and recommendations.  There has been a movement from shopping in 
stores to online shopping when there are better deals. Retail giants such as Best Buy and Circuit 
City have given way to Amazon among other online sites. Research has also shown that 
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customers do their due diligence and research online before going into stores to do shopping. 
They compare prices, value and the like before going in to purchase at the store or buying online. 
Online frozen food and grocery shopping is still somewhat of a new trend. Until it was 
able to resolve some of its challenges, it was not as profitable as it is now.  Some of the 
advantages could be no waiting time, shopping at any time, and at-the-shopper’s convenience.  
This is a global innovation. It has come to stay. Some businesses are re-evaluating to see if they 
can adopt some of the features of this new business model. Ecommerce depends on reliable and 
fast internet and sometimes, this is lacking in some rural areas and socio-economic groups thus 
can be a hindering factor (Wolfgang & Galit, 2008). 
Before we go much further, it will be prudent to point out some key points and terms in 
online shopping. People like to shop for groceries online, yet it takes getting used to. Since there 
is no friendly clerk available to walk the consumer through, it is imperative that the website is 
user friendly. There has to be safety for the consumer’s privacy, ease of navigation, the ability to 
search and perhaps save searches for future follow up (Wolfgang & Galit, 2008).  
Online customers tend to explore and exhaust as many options before they buy. It is 
critical during the exploration stage to be captivated by the merchant. The average order values 
for online is $80 compared to $30 offline for food and beverages (Welty, 2012). 
This goes to show that when people buy stuff, they tend to spend more money online than 
offline. Online also offers some more variety products, which are tailor made for the consumer. 
Some unique qualities of online grocery are important to point out and elaborate on. The online 
experience is driven more by a needs based criteria as more options are available online. Big 
brands and small brands alike can perform well online when they do their homework well. They 
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do this by being marketing savvy as they maximize digital capabilities. They harness this 
through interactive websites, Smartphone applications and social media connections among 
others. The sky is the limit for this new area. Online business will carve and grow a niche 
depending on how well they do in such a new area. Online sales in the United States has more 
than tripled from $5billion to about $17 billion and is projected to grow to $25 billion in 2014 
according to Nielsen (Welty, 2012).   
The graph in Figure 2 shows the very unique and diverse makeup up of who is doing 
grocery shopping online (Swedowsky, 2009).  The thesis data resembles this on some levels 
however some variables like age and income level are not available. 
 
Figure 2. USA Online Profile 
It is an incredibly exciting time to be in ecommerce today. It has spread its wide reach all 
the way into Africa.  An online market in Nigeria seeks to deliver to customers in about three 
hours. With the traffic levels in a very busy and populous country such as Nigeria, this is a huge 
boon to customers.  And to those who are worried that ecommerce will put other existing 
businesses, which are not using ecommerce, out of business, they should have no qualms. 
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Ecommerce can partner with other forms of business to provide quick services and jobs at a 
premium price. Rafael, who is in ecommerce in Nigeria, shares some insights from a nearly 200 
million market in Nigeria, West Africa. He debunks the argument that online stores will take 
away from offline stores as they can partner to provide services and logistics (Raphael, 2015).  
Ecommerce and online grocery shopping has come to stay. It is a global phenomenon and 
it is conquering any seeming challenges that it has very fast. It is making grocery shopping more 
fun, easy and convenient for folks to do.  
Lest we forget, some of the challenges of online shopping include technology and 
delivery. It for now seems to be mainly in urban areas and not as widespread in rural areas. One 
also almost needs to have access to internet.  Failing that, one can maybe call in orders and pay 
for the order on delivery.  If one needs the items right away this is not the required medium yet.  
New Zealand is reportedly innovating in the way of online grocery shopping- maybe one can 
learn a few things from how it is done there. It is reported that Woolworths in New Zealand, a 
high end grocer, sells high quality produce and vegetables online just like they do offline in 
stores. They lead the pack in doing this as they also offer online customers a wide selection of 
brands and variety.  American online grocers are yet to tap into this niche market on that scale. 
That is clearly an untapped avenue in online grocery shopping. Most of what pertains now 
especially in the United States is with frozen foods. An area ridden with potential is in that of 
fresh foods. Any company that can market that online will really profit from it. It will be like a 
farmers market online. 
In as much as online retail and more so grocery shopping is on the rise, it appears that a 
good mixture of online and offline may not be a bad idea. Markets that can marry the capabilities 
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of Smartphone and tablets so they carry utilize photographs and barcodes instead of food. Some 
markets have found success in mass transit stations from Seoul, Korea to Philadelphia, United 
States with virtual supermarkets. They are planning on taking these steps further. A Chinese 
supermarket giant, Yihaodian, is opening 1,000 brick-and-mortar locations. Inside retail Asia 
reports that some of these locations will be in Beijing, Shanghai, Shenzhen, and Guangzhou. 
These stores will enable customers to browse the aisles, scan codes and have groceries delivered 
directly to their places of residence or wherever they needed them. There will be no need to carry 
bags, check out, wait in line, and they will offer half-day delivery in some of the biggest cities in 
China. Another interesting development across the globe in South Korea is in that of grocery 
billboards in Seoul metro stations. This is within a branch of British supermarket Tesco. This 
enables customers to shop while they wait for the train.  It is very important to point out the 
results of this innovation. This led to Sales reportedly rising 130% and the service’s registered 
users also growing by 76% (Grabar, 2012).  This is a trend that seems very promising. It appears 
to appeal to a certain group of people and will attract even more people if done right. It can be 
mirrored in places like the Twin Cities in Minnesota, the Chicago area, New York City, Boston, 
and others in the United States where people use the train frequently to commute.   
Scott Cook, popular as the founder of Intuit, the company that brought us the personal 
and business financial tools Quicken and QuickBooks, and as Intuit's CEO made a comment 
which is very telling today: “A brand is no longer what we tell the consumer it is—It is what 
consumers tell each other it is.” This sums up the breadth and pull of consumer power. One 
person can review a product positively or otherwise and have a multiple fold effect. Their 
friends, family, acquaintances, and colleagues take these reviews and comments seriously when 
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they make a purchase. Social media has made this even more so far reaching and powerful. That 
immediate and almost instantaneous advert is a very strong tool that many businesses harness or 
should if they don’t already.  
Where is online grocery shopping going on? Who are those that are using these services? 
What habits do they display? Online grocery shopping is happening in varied parts of the United 
States. It is popular in urban markets such as New York City, Minneapolis, Saint Cloud, and 
even rural markets too. It caters to the needs of all demographics- retired, empty nesters, single 
families, parents with kids etc. It strives to go beyond what the regular supermarket will carry so 
it fills a void. How much more can it grow or have we seen it plateau? I dare say we are at the 
cusp of seeing some more great innovation in this market. 
How can online grocery compete with in store and offline grocery shopping? How can 
companies assuage the fears and worries of shoppers? What services can online grocery 
shopping provides that is not necessarily in the offline channel? Online and internet has some 
tools that enable it to step outside the box or merely build on some services such as recipes, 
recommendations, emails, texts etc. It can specialize in some products that will be unique to 
online channel 
Buying online enables and also requires customers to be proactive. They can buy 
products during sales or regular price as they plan menus and plan their shopping lists. One 
downfall that online grocery and frozen foods have is the inability of the customer to touch, 
smell and feels the product. Marketers try to address this with the design and display of the 
websites. Some sites also use videos to give a different display of products. This seems to be a 
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fast growing trend. There is a plus side of having friends, family and associates act as reliable 
voices for products. We trust the voice of loved ones. 
One critical advantage of food retailing online is that of its limitless capacity. Offline 
stores can only carry as much as a building can hold a finite number of Stock keeping units 
(SKUs), whereas an online store can offer a seeming infinite amount of products. This can 
enable an online provider to give consumers access for example specialized and rare ethnic foods 
enabling the provider to carve a niche and foster loyalty and drive sales and order sizes etc. 
Online grocery stores can dare to go where other stores may not go. A case in point is 
ShopFoodEx in Roanoke, VA. It has a philosophy of setting it apart from competitors. 
ShopFoodEx ships products to customers in glass jars or bottles even when other companies are 
afraid to do so because of the fragile nature of glass. Some customers who want their products in 
glass for reasons such as taste, freshness do actually appreciate this distinct service.  It also goes 
the extra mile in selling not just in bulk but also in singles. This helps customers such as the 
small households who may just want to buy a single order of a product versus bulk (Chiger, 
2015). This endeavor focuses on giving the customer a fulfilling, engaging, personalized and 
interactive experience.  
Online shopping also offers customers the chance to set up some kind of regular schedule 
for delivery if they so desire. Shoppers can save a previous order history, usual or habitual order 
history among others. With this capability, the customers can save a prior order, and then 
replicate it next time if they just want that same order. Customers can use this feature during 
holidays and weekends and this helps for efficiency and planning on many fronts.  If the business 
has an offline store, the customer can order it online and pick it up at the store or can have it 
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delivered too. This makes for convenience for the customer and meeting the customer’s need and 
for innovation and community building.   
The demand for recipes, cooking tips, and coupons has risen.  Most people depend on 
friends, family, acquaintances, coworkers, and the like to get these. This is an area and need that 
can be filled by online grocery.  An example is Wakefern Food Corp.’s ShopRite website, which 
includes a recipe center.  A customer can maneuver around the site to aggregate ingredients to 
build a recipe and bring the final list to the store. It may demand the sales of items he or she may 
not have originally planned to buy but is buying due to necessity. This is great use of leverage of 
content and recipe (Chiger, 2015). 
What have you done for me lately? This is a question that can be answered by the 
business. Some establishments such as ShopRite offer special discounts to customers that follow 
it on Facebook. This encourages customers to befriend and follow the company. Trends like this 
may lead to more of coupon moms, who are trying to make every dollar count. 
Other ways some companies reach out include newsletters. This helps the business 
acquire names and email addresses to build a database for marketing purposes. As an added 
bonus, the periodic circulars such as newsletters and emails are less expensive than print media. 
They also have the advantages of personalization and immediacy so can lead to greater response 
rate and possibly conversion rates among others. When done right, companies can avoid 
sounding like the daily junk mail that does not get read. It has been shown that personalization 
can make emails and e-letters more relevant and likely to be read. 
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A point worth mentioning is the capability of ecommerce to provide relatively cheap and 
targeted interactive experience to the customer. It provides customers personalized content, 
coupons, and rewards and is an efficient way for grocery shopping in a multichannel 
environment. 
This area of planning ahead is a huge area that can be explored.  There are so many 
families and individuals that like to plan their meals or can be encouraged to plan. This can be 
plans for daily, weekly meals or even for seasonal yet bigger occasions such as festivals such as 
celebrating a birth, death, anniversary etc. Other important celebrations may include Christmas, 
Easter, Hanukah, Quinceanera, and Kwanzaa, etc. It can also enable a customer to replicate their 
favorite dish from their favorite restaurant. Innovation will be important to anticipating 
customers’ needs or just striving to meet an existing need.  Customers seem ready to pay fair 
price for such a quality service. This may be a new culture that will be nurtured. 
One may ask what loyalty means? Loyalty encompasses trust and a relationship between 
the company and the customer.  Where the provider is able to learn a great deal about the 
customer- what he or she likes and dislikes, how often they like it, when they like it, how they 
like it, etc. The provider in turn delivers these services or goods at a quality level and in prime 
time. It also behooves the provider to provide some rewards or motivate customers who return to 
use their services or enlist others.  It is a win-win relationship. It will feed into building and 
boosting customer confidence.  That loyalty can be translated into numbers for the consumer and 
provider.  Research shows that brand loyalty is strong among social media users.  This is pretty 
much free and invaluable marketing for the provider. The consumer makes referrals and 
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recommendations to friends, acquaintances, family and coworkers. They in turn are hopefully 
converted to become new and potentially lasting customers. 
A summary of vital areas that need to be met on websites to facilitate loyalty include 
order fulfillment, price, customer service and functionality of the website. When these four 
critical areas are taken care of, one can expect a good return on investments. The online grocery 
industry is still new yet growing very fast. We are seeing the evolution of a new and burgeoning 
industry. This will make huge use of technology and data analytics to drive progress and meet a 
gaping need. The customer’s satisfaction is tracked and met at every level of their journey. With 
use of data analytics, metrics and data can be tracked on customers to help predict their behavior 
or at least chart their patterns and any seeming trends.  
As consumers get their names on consumers’ devices such as I-pads, I-phones, and 
Smartphone, they collect email addresses.  This data has email addresses of the sample clients. 
These email addresses are used to communicate with the consumers- inform them of sales, 
coupons, discounts among other important topics. Providers can use the email and mobile to 
drive customer engagement. This can be achieved through a myriad of ways—sending SMS 
messages, text messages, before or after deliveries etc. 
With all these new trends, one also has to look at potential drawback- privacy. How much 
is the industry finding out about the customer? Some customers are genuinely concerned about 
breaches to privacy and identity (Fienberg, 2006). Experts and consumer rights advocate 
encourage customers to be aware of privacy policies and figure out who can have access to their 
information and whether this information is sold or traded (Roos, 2008). 
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Innovation is opening doors for potentially more efficient ways of shopping online. With 
the advent of apps, customers can scan items and build shopping lists and plan. An example is an 
application by iPhone which can be used on iPads and IPods. It enables shoppers to click on 
items online and scan them at home to build shopping lists.  This app also offers access to more 
than hundreds of recipes and a system of adding ingredients to the shopping list. Customers who 
have an urge to buy on impulse may also use this to organize their purchases. 
In this research it is pertinent to point out that some of the earlier findings confirm what 
pertains in the global market and in other research.  It shows the increased value of the digital 
customer. The online customer is spending more than the non-digital customer. There might be 
something to explore—converting more non-digital customers to go online. This will make for a 
base of more loyal customers who spend more and are a more profitable base for the business 
model. 
Research has also shown that increasing consumers are using internet and social media to 
find recipes and connect with favorite brands.  About 50% of consumers learn about food from 
social media sites like Facebook and Twitter and about a staggering 40% learn of it elsewhere 
online. Social media markets are critical avenues for brands and companies targeting internet and 
app savvy customers (The Realtime Report Logo, 2012). 
It appears that a new form of word of mouth marketing is reviews that customers give of 
a product online. Other people read these before purchasing a similar product.  Another is when 
they like a recipe or product on social media and share it with friends or acquaintances. This is a 
very rich area for more exploration. Like the saying goes, birds of the same feathers flock 
together 
23 
 
An online grocery store relays food offer as an option to shoppers outside of the normal 
brick and mortar store.  Customers can order online anytime from anywhere, can choose from an 
array of dishes and ingredients on any device. This gives a great option to people who want to 
avoid the hustle and bustle of the regular grocery store (Swedowsky, 2009). 
Other immediate advantages are that a customer can import recipes from other websites. 
People with special dietary needs such as vegan or vegetarian or gluten free, will have their 
needs catered to.  Relay foods also offers a chance for customers to add or examine past reviews. 
This is done by way of tag boards.  Some examples of past tags include people commenting on 
stocking up on meat, fish and others at a fraction of the cost. 
This goes to show that customers would not have to suffer quality for quantity. 
Customers can still save money for the right food at a huge savings. Frequent and loyal 
customers do get rewarded and therefore become some of the biggest advocates and evangelists 
for the Client. 
Customers can feel empowered about supporting local small market farmers and keeping 
their money in the community. Customers can do all this at their leisure and own comfort and 
still feel empowered and in charge (Relay Foods, 2015).  
Online grocery also caters to health conscious customers. Nutrition labels are present and 
expected just as it will be were one to purchase in the store or offline.  Social media tools such as 
twitter and tag boards are real time tools used to promote brands and business for clients 
(#tagboard, 2015).  This Nielsen study shows that emails are an underutilized tool. Retailer sites, 
printable coupons, and retailer emails are the most commonly used digital tools by online 
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shoppers. However they do not have the biggest impact or influence. Certain key words or 
phrases may grab a customer’s attention so they do not delete an email even before reading it.  
A key takeaway and room for future exploration will be in growing the email tool. As 
current research and results by Nielsen from competing markets shows that it has very fruitful 
results. 
Last but not the least, a very valid argument is made for dissecting demographic data for 
more insightful and actionable business decisions.  This will help in cross selling as human 
behavior has shown that clusters of consumers tend to behave the same way.  More research can 
be done to see which campaigns do particular demographic groups respond to more favorably 
along with the other questions like when, where, when amongst others.  
Key insights for the demographic groups in a similar study looked at consumers and 
potential consumers across different groups and income levels. The goal was to see what are the 
drivers and influential factors to customers. 
Figure 3, from a recent research in July 2015 (Marketing Charts, 2015), shows how 
digital tools are impacting or penetrating across 12 retail channels and 12 product categories.  
Some things that stand out are how printable coupons, retailer sites and retailer emails really 
drive penetration. Also worth pointing out is how retailer social, price comp sites and shopping 
apps are the top three impact drivers for this study across the 10 measures.  These 10 measures 
are very important drivers to marketing teams in businesses such as online groceries.   
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Figure 3: Digital Tools for Shopping   
Hopefully this will keep such research going forward as consumer behavior, which is 
inherently human, is very dynamic. It has been a very interesting and challenging experience to 
see what all has been done out there and also validate some of that with the data from this 
research. Some of the insights gleaned from the research should help increase preorder 
penetration and density in orders so as to optimize truck routing and maximize sales.  
Lastly but not the least, a focus on retaining and attracting more of peculiar slice of 
customers identified will be key in optimizing sales for this particular online grocery business.  
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Chapter III 
STUDY DESIGN AND METHODS 
Data Breakdown 
There are 22 variables for the 30,557 customers. The variables are broken down and 
shown in Table 1. 
Table 1 
 
Variables 
Customer ID Continuous Variable Unique Customer Identity Number 
Sales Date Continuous variable Date of sale 
Route Number Continuous variable Unique route number of sale 
amt_ord_at_door Continuous variable Amount ordered in advance at the door 
amt_ord_internet Continuous variable Amount ordered in advance on internet 
amt_ord_phone Continuous variable Amount ordered in advance on phone 
delivery fee amt 2 Continuous variable Amount charged for delivery 
quant_atDoor Continuous variable Quantity ordered in advance at door 
quant_atInternt Continuous variable Quantity ordered in advance on internet 
quant_atPhone Continuous variable Quantity ordered in advance on phone 
UnitsDelivered Continuous variable Units delivered to customer 
net_sales_aggreg Continuous variable Net sales to customer 
o_region (region number) Continuous variable Region sales occurred in 
ProductID Continuous variable Identity number of the product 
a_prd_dct Continuous variable amount of product discount 
product quantity Continuous variable Quantity of product sold to customer 
product class Nominal Class that product belongs to 
channel Nominal Channel that the sale was conducted on (internet, phone or 
offline 
 
Buying group Nominal Buying group demographic of customer 
email origin Nominal Original source of the Customer email 
Reward_ind Nominal Reward indicator ( 1-YES OR O- NO) 
 
Figure 4 shows distribution of the distribution by channel( H, I, N, O or P). P(phone) has 
the biggest distribution followed by I(internet), then H(handheld), N and O(miscellaneous). Key  
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variables of interest to client are H, I and P. O and N are lumped as miscellanous for marketing 
purposes by client.  
 
Figure 4. Channel Distribution 
 Figure 5 shows a spread of the product class. 
 
Figure 5. Product Class Distribution 
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A huge majority of responses were 0 (no) and minority was 1 as shown in Figure 6. A 
minority of the customers in data did not use the rewards. It will be interesting to see how that 
influenced net_sales_aggreg.  
 
Figure 6. Reward Indicator Distribution  
Multiple Linear Regression Model 
Linear regression analysis is the most widely used of all statistical techniques: it is the 
study of linear, additive relationships between variables. Let Y denote the “dependent” variable 
whose values you wish to predict, and let X1, …,Xk denote the “independent” variables from 
which you wish to predict it, with the value of variable Xi in period t (or in row t of the data set) 
denoted by Xit.  Then the equation for computing the predicted value of Yt is: 
 
This formula has the property that the prediction for Y is a straight-line function of each of 
the X variables, holding the others fixed, and the contributions of different X variables to the 
predictions are additive.  
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The slopes of their individual straight-line relationships with Y are the constants b1, b2… bk    , the 
so-called coefficients of the variables.  That is, bi is the change in the predicted value of Y per 
unit of change in Xi, other things being equal. The additional constant b0, the so-called intercept, 
is the prediction that the model would make if all the X’s were zero (if that is possible).    
The coefficients and intercept are estimated by least squares, i.e., setting them equal to the 
unique values that minimize the sum of squared errors within the sample of data to which the 
model is fitted. And the modeL’s prediction errors are typically assumed to be independently and 
identically normally distributed. 
Once you fit a model, you can use it to predict or simulate responses, assess the model fit 
using hypothesis tests, or use plots to visualize diagnostics, residuals, and interaction effects. 
Analysis of Variance (ANOVA) is a procedure for determining whether variation in the response 
variable arises within or among different population groups.  
Boosted Decision Tree  
 
Decision trees are powerful, but unstable. A small change in the training data can produce 
a large change in the tree. This is remedied by the use of boosting. For boosting, the training 
events which were misclassified have their weights increased (boosted), and a new tree is 
formed. One can train the model by providing the model and the tagged dataset as an input to 
train model. The trained model can then be used to predict values for the new input examples. 
This regression method is a supervised learning method, and therefore requires a tagged 
dataset, which includes a label column. The label column must contain numerical values. 
Therefore, boosting in a decision tree ensemble tends to improve accuracy with some small risk 
of less coverage. 
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Bootstrap Random Forest  
 
In random forests, each tree in the model is built from a sample drawn with replacement 
(i.e., a bootstrap sample) from the training set. In addition, when splitting a node during the 
construction of the tree, the split that is chosen is no longer the best split among all features. 
Instead, the split that is picked is the best split among a random subset of the features. As a result 
of the introduction of randomness, the bias of the forest  is usually slightly increased (with 
respect to the bias of a single non-random tree) however, due to averaging, its variance are also 
decreased, typically therefore more than compensating for the increase in bias, hence yielding an 
overall better model. 
Table 2 and Figure 7 show us the breakdown of the eight demographic data groups. 
Empty Nesters are highest at 24.35%,  Older Families are secibd at 18.9%, Not Enough Info is 
third
  
at 17.93%, fourth is Younger Families at 15.1%, fifth is Seniors at 13.7%, sixth is Younger 
Couples/Singles at 9%, seventh is Main Groups at 0.47%, and last is Wholesale at 0.42%. 
Table 2 
Demographic Distribution 
 
 
n_bgp Frequency Percent 
Cumulative 
 Frequency 
Cumulative 
  Percent 
Empty Nesters 7596 24.35 7596 24.35 
MAIN GROUPS 147 0.47 7743 24.83 
Not Enough Info 5593 17.93 13336 42.76 
Older Families 5898 18.91 19234 61.67 
Seniors 4279 13.72 23513 75.39 
WHOLESALE 131 0.42 23644 75.81 
Young Couples / Singles 2834 9.09 26478 84.89 
Younger Families 4712 15.11 31190 100 
  Demographic Data 
The FREQ Procedure 
n_bgp 
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Figure 7. Demographic Distribution 
 
About 24% of the demographic cluster is identified as Empty Nesters, 0.5% as Main 
Groups, 18% as Not Enough info, 19% as Older families, 14% as Seniors, 0.4% as Wholesale, 
9% as  Young Couples/Singles and 15% as Younger Families.  
Route Distributions are shown in Figure 8. There is no overwhelmingly dominant route 
that stands out. 
 
Figure 8. Route Distribution in Percentages 
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The data on email was not sufficient as at the time it was collected to glean very much 
meaningful information for this research. It was a new enterprise that had just started. Other 
research shows that email campaigns can be very impactful to sales.  The email data grew from 
under 100 in July 2009, peaked in February 2012 and dropped through July 2012 to about 150. 
The d_cus_pnt_enr was the date that a customer was enrolled in email program as shown in  
Figure 9.  
 
Figure 9.  Email Enrollment Distribution 
The various channels were analyzed to see which ones are more profitable and bring in 
more money.  A special focus was made to compare digital or mobile to non-digital channels. 
The digital channel encompasses sales captured via the phone and internet. Non-digital sales are 
via the hand held machine or termed as buying from the sales person at the door/offline sales. 
The salesperson uses a hand held device to scan items sold to the customer. These are reflected 
in the amount ordered at the door.  
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The rewards were looked at also to see if and how much of an effect it has on net sales. 
Rewards are analogous to coupons. They tend to appreciate customers who buy frequently and 
spend more money. This is a bid to nurture and establish loyalty. Emails data kind of ties in with 
rewards data as most if not all rewards are sent digitally via email and online. That does explain 
why most of the rewards distribution had 0s or no uses since email data was low.  
Some of the statistical methods that will be looked at will include Multi-Linear 
Regression, Boosted Decision Tree Regression Analysis, and Boosted Random Forest were be 
used to build a model and then used to validate or invalidate the research questions posed.  The 
hypothesis upon which these methods will base their investigation is that digital customers spend 
more and buy more often than non-digital.  
Motivation for Using Different Methods 
Decision trees. The goal of DECISION TREES is to predict or explain responses. It is 
one of the popular Data mining methods in ecommerce and digital analytics. It has an added 
advantage of being flexible and able to deal with the nonparametric distributions. It is simple to 
understand and interpret. It requires little data preparation is able to handle both numerical and 
categorical data.  It is also robust and performs well with large data such as what is presented. 
CART involves recursive partitioning. It builds classification and regression trees for predicting 
continuous dependent variables in regression and categorical predictor variables in classification. 
It will be helpful in trying to predict who will renew membership, who will convert, loyalty and 
other metrics. Regression trees are also nonlinear. They have built in mechanisms that prevent 
over fitting, by pruning, cross validation and others. 
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For building decision trees, DECISION TREES uses learning sample via set of historical 
data with pre-assigned classes for all observations. For example, learning sample for online 
customer building system would be prior information about previous netsales (variables) 
matched with actual or current sales results. 
Decision trees are represented by a set of questions which splits the learning sample into 
smaller and smaller parts. CART asks only yes/no questions. A possible question could be: “Is 
the more profitable channel online or offline?” “Is customer rewards driving net_sales_aggreg?” 
CART algorithm will search for all possible variables and all possible values in order to find the 
best split - the question that splits the data into two parts with maximum homogeneity. The 
process is then repeated for each of the resulting data fragments. 
The DECISION TREE methodology consists of three parts: (a) construction of maximum 
tree, (b) choice of the right tree size, and (c) classification of data using constructed tree. 
Linear regression.  Linear regression was used to try a different approach and also 
because this approach is suitable for the kind of data we have and will help pick significant 
variables. Linear regression is a good tool to use since we are trying to predict how some salient 
variables will behave or determine net_sales_aggreg, our response variable of interest 
Assumptions: 
 Sample is a fair representation of the entire population being predicted. 
 Linear independence of predictors 
 Constant variance(homoscedasticity) 
 Independence of errors 
35 
 
Chapter IV 
 
RESULTS 
 
 
Based on the initial regression shown in Table 3, certain variables were shown to be more 
important than others. This was confirmed in the final model and alternate model. From here on, 
it helped to drive a laser focus on what the client wanted to investigate further and the research 
questions.  
When compared to At the Door Only Customers from the overall population data, Digital 
Customers (phone and internet) on average: 
 Spend 48% more per year  ($545 vs. $367) 
 Spend $51 per invoice vs. $41 per invoice 
And when he/she purchases online, he/she spends 25% more, or $62 per sale. 
 Are more frequent (purchase 10.6 vs. 9 times/year) 
 Are more loyal (retention rate of 70% vs. 65%) 
These metrics were from the entire population’s data. This is validated by the sample data used 
in thesis, where online amount ordered was $103,055.18 dwarfing the offline/at the door amount 
of $33,049.41 
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Table 3 
 
Preliminary Model Regression 
 
 
 
What demographics does this research cover? What demographics are more vested and 
open to online grocery shopping?  About 60% of the data falls in the groups that are identified as 
empty nesters, older families and seniors. These are an influential group of people who have 
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access to more than ample financial resources. It is critical to extrapolate some of the trends from 
this group to see how marketing can seriously appeal to and retain other demographics. 
Research has also shown that increasingly, consumers are using internet and social media 
to find recipes and connect with favorite brands.  About 50% of consumers learn about food 
from social media sites like Face book and Twitter and about a staggering 40% learn of it 
elsewhere online. Social media markets are critical avenues for brands and companies targeting 
internet and app savvy customers (The Realtime Report Logo, 2012).  
It appears that a new form of word of marketing is reviews, which customers give of a 
product online. Other people read these before purchasing a similar product.  Another is when 
they like a recipe or product on social media and share it with friends or acquaintances. This is a 
very rich area for more exploration as customers’ behaviors may be similar to their friends, 
family and acquaintances, who may or may not be customers yet.   
Boosted Decision Trees 
Figure 10 shows some semblance of a relationship thus telling us that it has some 
predictive capacity.  Both training and validation sets have about the same RSquare values and 
graphical relationship between training set vs. predicted and validation set vs. predicted 
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Figure 10. Final Boosted Decision Tree Model 
Multi-Linear Regression 
Figure 11 shows almost all the presenting variables are significant at alpha = 0.05. 
Majority of the variables are statistically significant. This makes all but o_region meaningful 
variables.  
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Figure 11. Alternate Model 
Figure 12 shows a seemingly linear distribution about 0. Thus it tells us that the actual 
and predicted variables show somewhat of a linear relationship and we still have some variation  
probably due to errors.  
 
Figure 12. Alternate Model 
Table 4 shows that R-square and R-square adjusted are about same at approximately 
64%. RMSE = 13.6. 
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Table 4 
Summary of Fit 
 
Table 5 shows that Prob > F is very significant here and indicates that the observed F 
ratio is unlikely. Thus the model gives us evidence that there is at least one significant effect in 
the model. It is important to point out, that a significant part of the variation in this model is 
attributed to the error.   
Table 5 
Analysis of Variance (ANOVA) 
 
Table 6 calls out the statistical significant parameter estimates at alpha = .05 and is pretty 
similar to prior model. Statistically significant variables include buying group(empty nesters, 
main groups and seniors);email origin(CNV, INT), Channels(H, I and O), reward_ind( 0), 
a_prd_dct, ProductID and amt_ord_internet, amt_ord_at_door and amt_ord_phone.  
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Table 6 
Parameter Estimates 
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Table 7 basically validates table 6 parameter estimates.  All of the effects are statistically 
significant but the o_region.  
Table 7 
Effect Tests 
 
The low p value signals lack of fit. We do have a very deceptively high max RSq, which 
could on its own have led us to conclude that we have a good model.  If the Null hypothesis is 
accepted, we cannot conclude that we have the true model. It may be that we do not have enough 
data to detect the inadequacies of the model.  This may be a consequence of overfitting the data.  
Table 8 
Lack of Fit 
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Table 9 is very similar to Table 6, except that the estimates are scaled in this instance. 
Nominal factors are expanded to all levels; Continuous factors are centered by mean and scaled 
by range/2.  
Table 9 
Scaled Estimates 
 
Figure 13 shows us a prediction profiler. In this instance we have a customer who is an 
empty nester from region 40005441. Customer has purchased 4.47 amt_ord_internet, 0.47 
amt_ord_phone, 1.94 at the door, on channel H, ordered product 55130, used up the a_prd_dct of 
-0.325 and did not use the reward indicator. Predicted net_sales_aggreg = $9.82. 
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Figure 13. Prediction Profiler 
 Figure 14 shows the least squares estimates for H, I, N, O and P within the upper and 
lower CI. 
 
Figure 14. Least Squares Means Estimates 
 Figure 15 shows us that the important variables in predicting net_sales_aggreg are buying 
group(empty nesters), buying group(older families), buying group(seniors), buying group 
(wholesale), Reward_ind(0), amt_ord_at_door, amt_ord_internet and amt_ord_phone. 
Table 10: Effect Summary – All presenting variables are significant at alpha = .05.  
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Figure 15. Alternate Multi-Linear Regression Model 
Figure 16 shows some semblance of a relationship of the actual by predicted 
net_sales_aggreg. There is some evidence of skew or potential abnormal behavior.  It confirms 
that one of the regions is one of the worst performing for the company so it has a drag on the 
values. It confirms the concern due to significant variation due to error.  
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Figure 16. Actual by Predictor 
Table 10 shows that both R-square and R-square adj are approximately 38%. RMSE = 
16.34463, which is quite significant.  
Table 10 
Summary of Fit 
 
Prob > F is very significant here and indicates that the observed F ratio is unlikely. Thus 
we must conclude that there is lack of fit. These methods are good for detecting lack of fit, but if 
the null hypothesis is accepted, we cannot conclude that we have the true model. After all, it may 
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be that we just did not have enough data to detect the inadequacies of the model. All we can say 
is that the model is not contradicted by the data. 
Table 11 
Analysis of Variance (ANOVA) 
 
By using as many parameters as data points, we can fit the data exactly. Very little is 
achieved by doing this since we learn nothing beyond the data itself and any predictions made 
using such a model will tend to have very high variance.  
Table 12 shows that the buying groups (empty nesters, older families, seniors and 
wholesale), Reward_ind (0), amt_ord_at_door, amt_ord_internet and amt_ord_phone are very 
significant and drive net_sales_aggreg.  These all fall within the 95% confidence intervals (CI).  
Table 12 
Parameter Estimates 
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Table 13 confirms that all the variables are significant. It tests the null hypothesis that all 
the named parameters associated with that effect are zero. At this alpha level of 0.05, we have 
significant evidence that buying group, reward indicator; amount ordered at the door, internet 
and phone are significant drivers of net_sales_aggreg.   
Table 13 
Effect Tests 
 
Figure 17 shows distribution of residuals most of which are scattered randomly about 
zero, which is what we expect due to our huge variation due to error.  
 
Figure 17. Residual by Plot 
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Figure 18 shows distribution about 0 by residuals of the rows. This is consistent with our 
previous displays.  
 
Figure 18. Residual by Row Plot 
 Table 14 shows that Prob > F is very Insignificant here and indicates that the observed F 
ratio is likely. Thus, the model does not give us  sufficient evidence that there is at least one 
significant effect in the model.  
Table 14 
Lack of Fit  
 
Figure 19 shows predication equation with the component variables in a linear and 
multiplicative combination.  
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Figure 19. Prediction Expression 
 Press RMSE is very similar to RASE from final model.  With regards to measuring 
variation and/or error, they are performing at about the same rate as shown in Figure 20.  
 
Figure 20. PRESS 
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Table 15 
Scaled Estimates within 95 CI 
 
Figure 21 shows a prediction profiler for an empty nester, which does not use the 
reward_ind, purchases 1.08 amt_ord_at_door; spends more online by way of 1.72 
amt_ord_internet and 1.65 amt_ord_phone. Their predicted net_sales_aggreg = $19.95013 
 
Figure 21. Prediction Profiler 
Figure 22 shows parameter estimates for population. Significant variables are highlighted 
in blue.  
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Figure 22. Parameter Estimate 
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Boosted Random Forest 
Figure 23 shows us that the most  important variables in predicting Net_sales_aggreg are 
amt_ord_internet, amt_ord_phone, Reward_ind, buying group and amt_ord_at_door in that 
order.  
 
Figure 23. Boosted Random Forest 
Model Comparison 
The model comparison is done and captured in Figure 24 using the factors of R-square, 
RASE (root average squared error) and AAE (average absolute error) and it consistently showed 
that the methods chosen and the models were performing very similarly for all models.  
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Figure 24. Model Comparison 
RASE is same as Root mean square error (RMSE) except that it RMSE adjusts for 
degrees of freedom RMSE–estimates the standard deviation of the random error. It is the square 
root of Mean Square Error (MSE) in ANOVA report.  
AAE is the average absolute error. It measures accuracy for continuous variables. It is the 
average over the verification sample of the absolute values of the differences between the 
forecast and the corresponding observation.  
R-square =  and explains the proportion of variation in the model 
that can be attributed to the model rather than random error.  
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R-Square adj–adjusts R-square for the number of parameters in the model. R-Square adj 
helps make comparisons among models with different number of parameters. R-Square adj uses 
the degrees of freedom (DF).  It can be calculated as: 
  
Using R-squared. If we were to choose solely on R-squared, the Boosted Trees and 
Decision Trees came in at about 40%, followed by Linear Regression at about 38% and then 
Bootstrap was last at 25%. 
Using the RASE. The Linear Regression, Boosted Trees and Decision Trees held steady 
at about 16 while the Bootstrap random forest was 18. There were pretty close numerically. 
Bootstrap had the highest RASE.  
Using AAE. The Linear Regression, Boosted Trees, and Decision Tree came in at about 
10 and the Bootstrap Random Forest was about 11.  
The model comparison across all methods shows that, the most important variables in 
predicting Net_sales_aggreg are amt_ord_internet, amt_ord_phone, Reward_ind, buying group 
and amt_ord_at_door. 
Bootstrap seems to be the least effective method for this data. The other methods seem to 
perform at about the same rates so a choice will be left to researchers and availability of 
software.  
Tables 16 and 17 show the various models as described earlier with the R square, RASE 
and AAE values. Linear regression, Boosted trees and Decision trees are about tied on all three 
and Bootstrap seems to be the worst performing per all three values of R-square, RASE and 
AAE.  
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Table 16 
Model Comparison 
Method R Square RASE AAE 
Linear Regression 38% 16 10 
Boosted Tree 40% 16 10 
Decision Trees 40% 16 10 
Bootstrap 24% 18 11 
 
Table 17 
 
Model Metrics 
 
Predictor Creator  
LINEAR REGRESSION Predicted net_sales aggreg Fit Least Squares  
BOOSTED TREES net_sales aggreg Predicted Boosted Tree  
DECISION TREE net_sales aggreg Predicted Partition  
BOOTSTRAP RANDOM FOREST net_sales aggreg Predicted Bootstrap Forest  
 
Figure 25 shows distribution of the Predicted variables and net_sales_aggreg in a not too 
organized fashion.  There seems to be some value clustered around 0 to 250 on the y-axis, 75 to 
200 on y axis among other clusters.  Having studied the data, it appears some of that drag may 
support the nature of data. Some of data is from some of the worst performing for the company 
and the significant error term in our model hence the disparate variation.  
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Figure 25. Model Graph 
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Chapter V 
 
CONCLUSION AND SUGGESTIONS FOR FUTURE RESEARCH 
 
This thesis research makes two main contributions in the academic field. First, it presents 
an approximation to online grocery shopping. This is significant given the lack of literature 
available in this new field. It identifies some salient drivers or predictive variables of 
net_sales_aggreg variable. The main drivers of Net_sales_aggreg are amt_ord_internet, 
amt_ord_phone, Reward_ind, buying group and amt_ord_at_door.   
Secondly, we can describe the profile of an online grocery shopper as individuals, who 
have high exposure to new technology as internet, social media and are often of a high social 
status or financial standing.  They have some comfort level or exposure to tablets, smartphones 
and other devices that help them to access data on the go and almost instantaneously. The advent 
of tablets such as iPads, Nooks, etc. have given a glimpse into the behavior of customers and 
potential customers. These customers tend to be on the go and are more accessible via their 
tablets, cell phones and other such smart devices. They want to know the next big sale, the next 
new product, and recipe and to be up to date with new trends. Companies have to play catch up 
and innovate on ways to maximize the data that they have captured on customers. American 
grocery companies will have to catch up to what is happening in the rest of the world in places 
like South Korea, China, New Zealand, and many others. In certain areas, due to factors such as 
geography, economic among others, digital marketing of groceries may be best served by 
keeping a hybrid model of digital and non-digital.  The data showed that demography matters in 
netsales–it answers who is buying. The data also shows that digital channels are outperforming 
the non-digital.  Rewards may have a significant influence on sales and should be looked into 
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more. Email campaigns should also be looked at further. The data also shows that the 
miscellaneous group (O and N channels) seem to be worthy of further exploration for the sample 
and entire population.  
The various statistical methods amply show that, the digital channel, when harnessed in 
an optimal way is a very profitable channel and may be the future of marketing and ecommerce. 
Companies can use data driven metrics to cater sales to particular markets and demographics. In 
so doing, they can cut back on unnecessary drives to routes and demographics that typically 
don’t sell much. A huge step and argument is made by some insights gleaned from this data for 
converting offline members to online as digital customers seem to spend more, buy more 
frequently among other factors.  
Some potential for further research lies ahead. It may be fruitful to research some more to 
see the effect of email drives and penetration on lifting sales. Seeing what subject lines, 
greetings, key words seem to attract customers more to read the emails instead of hitting delete 
right away. It will be interesting to ascertain from the group of customers with email, who buys 
what, when do they buy, and maybe answer why they buy it. This information will be vital to 
marketing teams in their various campaigns. They may also help in sifting through dormant 
customers and maybe get them back to being active. What made you dormant or made you leave. 
How may we earn your business back? What will it take to make you and your friends’ active 
and loyal customers? This is a seemingly very lucrative field today and the foreseeable future. 
The behavior of customers is very hard to predict. However a careful and insightful study helps 
to capture trends and patterns.  Online grocery companies will be prudent to stay dynamic and on 
top of the ever changing data in this world of big data. The companies that are going to succeed 
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immensely are the ones that draw and hold the customer’s attention and make them dedicated 
evangelists. These companies are also very great listeners, as they need to hear the needs and 
wants or anticipate them or guide customers to those needs and services. Companies that can also 
innovatively excite new clients and chart new paths will excel (The Realtime Report, 2012). 
Some important limits will include not having variables such as gender, income level or 
age to see if those were significant drivers. Other limitations were having a smaller sample of the 
entire population—it did show some of the traits of the entire population.  In as much we can tell 
that the digital channels are important drivers of sales, offline channel is still a huge driver. An 
important question that could not be answered was of the digital channel had reached its peak or 
not. Are the people who are going to buy online capped out and similarly are those who are 
purely offline ever going to switch to online? Another important question for future research is – 
Are the descendants of the original loyal offline customers also mainly offline still or have they 
switched to online?  
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Appendices 
Appendix A 
Codes in JMP 
BOOSTED TREES 
Partition( 
 Y( :net_sales aggreg ), 
 X( 
  :Buying group, 
  : Reward_ind, 
  :amt_ord_at_door, 
  :amt_ord_internet, 
  :amt_ord_phone 
 ), 
 Validation Portion( 0.3 ), 
 Method( Boosted Tree ), 
 Plot Actual by Predicted( 1 ), 
 Splits Per Tree( 3 ), 
 Number of Layers( 50 ), 
 Learning Rate( 0.1 ), 
 Early Stopping( 1 ), 
 Go 
) 
MULTIPLE LINEAR REGRESSION 
Fit Model( 
 Y( :net_sales aggreg ), 
 Effects( 
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  :Buying group, 
  :Reward_ind, 
  :amt_ord_at_door, 
  :amt_ord_internet, 
  :amt_ord_phone 
 ), 
 Keep dialog open( 1 ), 
 Personality( “Standard Least Squares” ), 
 Emphasis( Effect Screening ), 
 Set Alpha Level( 0.05 ) 
) 
BOOSTED TREES  
Partition( 
 Y( :net_sales aggreg ), 
 X( 
  :Buying group, 
  :Reward_ind, 
  :amt_ord_at_door, 
  :amt_ord_internet, 
  :amt_ord_phone 
 ), 
 Validation Portion( 0.3 ), 
 Method( Boosted Tree ), 
 Plot Actual by Predicted( 1 ), 
 Splits Per Tree( 3 ), 
 Number of Layers( 50 ), 
 Learning Rate( 0.1 ), 
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 Early Stopping( 1 ), 
 Go 
) 
MODEL COMPARISON 
Model Comparison( 
 Y( 
  :LINEAR REGRESSION Predicted net_sales aggreg, 
  :BOOSTED TREES net_sales aggreg Predicted, 
  :DECISION TREE net_sales aggreg Predicted, 
  :BOOTSTRAP RANDOM FOREST net_sales aggreg Predicted 
 ), 
 Plot Actual by Predicted ( 1 ) 
) 
ALTERNATE MULTILINEAR MODEL 
Fit Model ( 
 Y( :net_sales aggreg ), 
 Effects( 
  :Buying group, 
  :email origin, 
  :channel, 
  :Reward_ind, 
  :a_prd_dct, 
  :ProductID, 
  :o_region, 
  :amt_ord_internet, 
  :amt_ord_at_door, 
  :amt_ord_phone 
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 ), 
 Keep dialog open( 1 ), 
 Personality( “Standard Least Squares” ), 
 Emphasis( “Effect Screening” ) 
) 
 
68 
 
Appendix B 
Excel Summary of Data 
   ROUTE INFO 
 
ROUTE Count of Route number 
 12905 1799 
 12902 1703 
 60055 1537 
 15514 1467 
 12904 1464 
 12915 1386 
 12918 1349 
 12907 1302 
 15508 1269 
 12916 1264 
 12912 1255 
 15516 1203 
 12914 1185 
 60052 1168 
 15506 1156 
 12903 1144 
 60050 1131 
 15513 1125 
 15512 1123 
 15501 1114 
 15509 1086 
 12910 1074 
 12906 1032 
 15515 720 
 12908 501 
 Grand Total 30557 
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PRODUCT INFO 
PRODUCT 
Count of 
ProductID 
60259 3426 
51220 624 
53220 557 
53210 515 
53012 494 
51755 461 
51787 385 
53515 353 
51000 330 
51727 320 
51738 312 
53260 300 
53034 264 
56243 263 
53021 253 
51777 247 
53310 246 
51791 243 
51725 236 
53013 236 
62142 232 
51719 232 
51721 230 
56221 228 
51729 225 
51720 220 
51736 217 
53147 216 
51728 207 
51747 206 
53130 203 
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51500 202 
56186 200 
51717 197 
56204 195 
51731 188 
51735 184 
51715 181 
56233 179 
53148 177 
51733 176 
57002 169 
53019 165 
55358 159 
51217 152 
53005 148 
53513 148 
51726 147 
51752 147 
53219 144 
53010 142 
51712 136 
51516 136 
53222 136 
52216 133 
56197 133 
51718 133 
53043 132 
51786 129 
53011 129 
51739 127 
52210 126 
51221 125 
53223 121 
53116 115 
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52004 113 
53096 113 
51730 111 
53115 109 
52036 108 
51756 108 
53505 106 
51788 106 
53140 105 
51740 104 
56190 103 
53239 103 
51779 101 
51780 100 
60304 99 
52003 99 
52215 99 
53006 98 
53142 96 
51773 95 
51765 93 
53234 91 
59118 89 
52020 87 
53320 81 
53141 78 
56249 78 
52008 77 
58106 77 
51222 77 
59173 73 
51237 73 
51794 73 
59226 71 
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52119 71 
51789 71 
52092 70 
51790 70 
58046 69 
51502 68 
51759 68 
53018 67 
56215 67 
51008 67 
56216 66 
51233 66 
59382 64 
57056 64 
57003 62 
53152 61 
60337 60 
53123 60 
53538 60 
54400 59 
60315 58 
56230 58 
51506 58 
56234 58 
51232 58 
55305 58 
56182 57 
53039 56 
56250 56 
53150 56 
51793 55 
51208 54 
52172 54 
55304 54 
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56226 54 
51792 54 
59113 53 
60333 53 
58216 53 
52154 53 
56235 53 
61235 51 
52163 51 
53213 51 
53240 51 
59131 49 
56229 49 
56187 49 
58045 49 
53212 49 
55312 49 
59052 48 
59178 48 
56238 48 
51224 48 
55361 48 
51526 48 
53211 47 
59208 46 
53030 46 
56222 46 
59073 45 
60323 45 
59380 45 
59385 45 
56244 45 
51197 45 
58148 44 
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60338 44 
54500 44 
56220 44 
53098 44 
59379 42 
52160 42 
56241 42 
53999 42 
54575 40 
56248 40 
52174 40 
51784 40 
60316 39 
59196 39 
61093 39 
56272 39 
51519 38 
52118 38 
58102 38 
51795 38 
56165 38 
56188 37 
52157 37 
63433 36 
58218 36 
60404 36 
59070 35 
60391 35 
60306 35 
53905 35 
52115 35 
53089 35 
54428 35 
54418 35 
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59228 34 
63873 34 
51110 34 
51757 34 
52165 34 
55309 34 
59102 33 
62271 33 
59126 33 
59381 33 
53230 33 
52120 33 
54574 33 
53151 33 
58306 32 
63872 32 
54301 32 
58051 32 
52166 32 
51226 32 
58207 31 
60362 31 
54573 31 
52090 31 
53208 31 
59060 30 
60286 30 
58209 30 
52167 30 
51216 30 
61663 29 
52156 29 
53084 29 
53948 29 
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51785 29 
51196 29 
60297 28 
59124 28 
58147 28 
66007 28 
52009 28 
54424 28 
58211 27 
59240 27 
61299 27 
52117 27 
52012 27 
51195 27 
63868 26 
58139 26 
59177 26 
59125 26 
53943 26 
51223 26 
53949 26 
58153 25 
62533 25 
63436 24 
61493 24 
60348 24 
58150 24 
61038 24 
51009 24 
52121 24 
53539 24 
51199 24 
61190 23 
60318 23 
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58212 23 
59214 23 
57069 23 
51714 23 
53235 23 
51189 23 
51230 23 
51200 23 
51778 23 
55363 23 
59103 22 
66151 22 
59235 22 
62127 22 
60354 22 
54426 22 
53946 22 
55370 22 
58131 21 
63033 20 
59055 20 
59110 20 
61248 20 
52164 20 
51241 20 
60322 19 
62488 19 
60353 19 
51782 19 
51783 19 
53085 19 
53950 19 
55367 19 
56205 19 
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62181 18 
63185 18 
69839 18 
61968 18 
59384 18 
60497 18 
59241 18 
54433 18 
52058 18 
54318 18 
60380 17 
52027 17 
53907 17 
55310 16 
57103 16 
56817 16 
55311 16 
58043 16 
52114 16 
53228 16 
58160 15 
61419 15 
61323 15 
60302 15 
61678 15 
61647 15 
59105 15 
59063 15 
59378 15 
53158 15 
52112 15 
53954 15 
59234 14 
59242 14 
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61250 14 
63871 14 
62172 14 
52129 14 
53520 14 
52085 14 
53953 14 
58162 13 
63894 13 
63876 13 
60358 13 
59237 13 
61408 13 
60498 13 
56408 13 
53159 13 
58141 12 
60838 12 
58149 12 
59383 12 
66008 12 
60381 12 
69836 12 
59119 12 
63534 12 
61001 12 
54306 12 
56183 12 
53209 12 
54406 12 
56276 12 
58151 11 
62141 11 
64521 11 
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60401 11 
58217 11 
60412 11 
59315 11 
66009 11 
58092 11 
53952 11 
56196 11 
62477 10 
60407 10 
63263 10 
60356 10 
58146 10 
61202 10 
62517 10 
69840 10 
59247 10 
61303 10 
60417 10 
59326 10 
58158 10 
63867 9 
60836 9 
62128 9 
58128 9 
59314 9 
63099 9 
58161 9 
63203 9 
61120 9 
61039 9 
66171 9 
63468 9 
63507 9 
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62102 9 
51213 9 
52258 9 
63435 8 
58442 8 
59059 8 
58127 8 
59996 8 
59132 8 
59120 8 
62147 8 
62274 8 
61034 8 
53093 8 
53957 8 
53947 8 
56189 8 
63449 7 
58443 7 
59072 7 
58157 7 
59977 7 
59146 7 
60837 7 
60420 7 
62183 7 
59386 7 
63214 7 
59992 7 
62489 7 
58108 7 
56169 7 
57102 7 
63309 6 
82 
 
66010 6 
63939 6 
61336 6 
60499 6 
60346 6 
74508 6 
66153 6 
59995 6 
60355 6 
58052 6 
54319 6 
63875 5 
58163 5 
63937 5 
61343 5 
61014 5 
62516 5 
59203 5 
63407 5 
63096 5 
59064 5 
60419 5 
59145 5 
63347 5 
52077 5 
51781 5 
53951 5 
59387 4 
61030 4 
62144 4 
62108 4 
59225 4 
59388 4 
58154 4 
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62121 4 
62523 4 
58159 4 
61680 4 
60408 4 
69847 4 
59101 4 
58156 4 
63350 4 
60387 4 
55359 4 
56277 4 
52225 4 
59238 3 
61301 3 
74317 3 
58324 3 
63157 3 
61242 3 
59991 3 
59128 3 
62270 3 
62501 3 
66012 3 
61324 3 
59389 3 
63938 3 
58213 3 
62154 3 
59993 3 
62123 3 
53229 3 
54403 3 
69844 2 
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59999 2 
62107 2 
59062 2 
63146 2 
62485 2 
62476 2 
58214 2 
61092 2 
62124 2 
61494 2 
59990 2 
62122 2 
62173 2 
62474 2 
62178 2 
59253 2 
62145 2 
52128 2 
62531 1 
61218 1 
62157 1 
62170 1 
59211 1 
59997 1 
62155 1 
60418 1 
63205 1 
59998 1 
63259 1 
61487 1 
59212 1 
59207 1 
59994 1 
63158 1 
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59061 1 
62174 1 
62475 1 
61009 1 
53945 1 
54404 1 
52091 1 
54435 1 
51193 1 
Grand Total 30557 
  
 
PRODUCT QUANTITY 
 
PRODUCT QUANTITY Count of product quantity 
 1 28744 
 2 1562 
 3 179 
 4 41 
 6 11 
 5 8 
 0 7 
 13 1 
 10 1 
 7 1 
 30 1 
 9 1 
 Grand Total 30557 
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BUYING GROUP INFO 
BUYING GROUP Count of Buying group 
Empty Nesters 7486 
Older Families 5823 
Not Enough Info 5342 
Younger Families 4656 
Seniors 4179 
Young Couples / Singles 2799 
MAIN GROUPS 146 
WHOLESALE 126 
Grand Total 30557 
  
 
REGION INFO 
O_REGION Count of o_region 
400057 20294 
400050 10263 
Grand Total 30557 
 
REWARD INDICATOR 
Row Labels Count of Reward_ind 
0 26680 
1 3877 
Grand Total 30557 
 
 
EMAIL INFO 
EMAIL SOURCE 
Count of email 
origin 
INT 5282 
CC 2905 
CNV 1576 
HHC 1282 
NTS 331 
SMA 328 
Grand Total 11704 
   
